Osteoarthritis (OA) of temporomandibular joints (TMJ) occurs in about 40% of the patients who present TMJ disorders. Despite its prevalence, OA diagnosis and treatment remain controversial since there are no clear symptoms of the disease, especially in early stages. Quantitative tools based on 3D imaging of the TMJ condyle have the potential to help characterize TMJ OA changes. The goals of the tools proposed in this study are to ultimately develop robust imaging markers for diagnosis and assessment of treatment efficacy. This work proposes to identify differences among asymptomatic controls and different clinical phenotypes of TMJ OA by means of Statistical Shape Modeling (SSM), obtained via clinical expert consensus. From three different grouping schemes (with 3, 5 and 7 groups), our best results reveal that that the majority (74.5%) of the classifications occur in agreement with the groups assigned by consensus between our clinical experts. Our findings suggest the existence of different disease-based phenotypic morphologies in TMJ OA. Our preliminary findings with statistical shape modeling based biomarkers may provide a quantitative staging of the disease. The methodology used in this study is included in an open source image analysis toolbox, to ensure reproducibility and appropriate distribution and dissemination of the solution proposed.
INTRODUCTION
Osteoarthritis (OA), the most prevalent arthritis worldwide, is associated with significant pain and disability and affects 13.9% of adults at any given time 1 ; of those patients 42% manifest OA in their temporomandibular joints (TMJ). The complex pathogenesis of TMJ OA remains unclear to this day, and its course challenges experts given the different morphological patterns of bone resorption and formation observed in its various stages 2 . The disease may evolve into repair and morphological adaptation, but also into aggressive bone destruction and functional impairment (see figure 1 left).
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Normal Figure 1 . Different stages of bone resorption during TMJ OA.
Numerous imaging modalities are currently available for researchers and clinicians such as computed tomography (CT), cone beam CT (CBCT), MRI, intra-oral scanner and soft tissue 3D photography 3 and have the potential to improve dental diagnosis and evaluation of treatment outcomes 4 . Specifically, CBCT has become widely used due to the low radiation dose necessary to get good quality images (as compared with other imaging techniques).
Even with advances in technology, current radiologic classification of TMJ pathology 5 are subject to errors. These classification scores are affected by the acquisition procedures such as oblique cuts of the CT and head positioning errors, which can incorrectly diagnose flattening of the head of the condyle, formation of osteophytes, subchondral cysts, or condylar pitting when viewed on multiplanar 2D sections.
The wider availability of CBCT should provide researchers and clinicians complex information such as 3D surface models for comprehensive evaluation of the overall joint morphological alterations.
We believe that quantitative tools based on 3D models could aid detecting disease progression and disease staging. These tools would help to characterize TMJ OA and to enable the development of effective treatments. More importantly, these tools should be developed as open-source free-software to enable any researcher to realize their own characterization of the disease and increase the scientific knowledge about it.
The purpose of this study is to investigate novel imaging statistical methodology to classify 3D osteoarthritic morphological variations using 3D models, as well as to develop freely available software to disseminate that methodology. Specifically, this study proposed to identify differences among the asymptomatic controls and different clinical phenotypes of TMJ OA by means of Statistical Shape Modeling (SSM).
MATERIALS
The study recruited 91 patients. Healthy patients were obtained retrospectively from other datasets, after confirming absence of symptoms and that radiographic condylar pathology was not present. TMJ OA patients underwent a clinical exam by an orofacial pain specialist and CBCT was obtained following clinical and radiographic diagnosis of TMJ osteoarthritis.
CBCT protocol consisted of a 20-second scan taken on all participants (i-CAT Next Generation, 120 kV, 18.66 mA, Imaging Sciences, Hatfield, PA) and a large field of view to include both TMJs. The study was approved by the University of Michigan institutional review board (IRB).
METHODS

Diagnostic Index Methodology
Segmentation for all TMJs obtained from CBCT scans were performed semi-automatically using 3DSlicer 6, 7 and the user interactive ITK-SNAP software 8 . 3D surface models of the right and left mandibular condyles were constructed using 3DSlicer, and the left condyles were mirrored into the right using a random sagittal plane. 3D surface models were registered to the same reference space using a previously validated method 9 . The UNC SPHARM-PDM shape analysis toolbox 10 was employed to provide a unique and symmetric point correspondence across all measured surfaces. The correspondence was computed via mapping every point on the condylar 3D surface model to a unique position on the unit sphere 11 followed by generating a uniformly triangulated surface based on this spherical mapping (SPHARM-PDM) 12 . The segmented 3D surface models of the condyles are first converted into surface meshes, and a spherical parameterization is computed for the surface meshes using areapreserving and distortion-minimizing spherical mapping. The SPHARM description is computed from the mesh and its spherical parameterization. Using the 1 st -order ellipsoid from the spherical harmonic coefficients, the spherical parameterizations are aligned to establish correspondence across all surfaces. The SPHARM description is then sampled into triangulated surfaces (SPHARM-PDM) with the same number of points (1002 points per surface). All correspondent point distribution models were quality controlled to ensure all correspondent points represent the same anatomical areas in the population. After quality control, the cohort consisted of 218 TMJs (153 TMJ OA, 65 Controls) obtained from CBCT images. 3D surface models of the TMJs were generated and TMJ OA joints were subdivided, by consensus between 3 clinicians, into 7 subgroups (see figure 2) based on morphological variability compared to the average control morphology. Preliminary experiments with 7 classification subgroups included a group with condylar overgrowth, a group with condylar morphology close to normal and 5 degrees of condylar degeneration 13 .
For the 5 subgroups experiments, the group with overgrowth was removed as overgrowth is a diverse clinical condition and 2 of the groups with similar phenotypes and small number of samples were merged for analysis. For the 3 subgroups experiments, 3D morphological variability in the OA sample was classified as mild, moderate and severe OA compared to the average control morphology. (see fig. 3 ) 3abaQOap q 3abaQoap gtob@Qoap T, Then, using a leave-one out approach, each c k TMJ OA case was first projected into each one of the shape spaces defined by each SSM n=4,7,8, and shape loads αk for each c k , were computed via (1). P n T holds the i eigenvectors
scaled by the variance λ i and c n is the mean for the n-th SSM.
For each one of the cases we compute a Mean Root Square Error (MRSE), which provides a weighted distance from the c k to the mean of a certain SSM. The case c k will be classified to the group to which this MRSE distance is the smallest (2).
Diagnostic Index Software
The emergence of open source libraries and tools in the last decade has changed the process of academic software development and continues to contribute to the free exchange of information and methods. Recently, increasing resource sharing and thus reproducibility is one of the most important initiatives of the National Institutes of Health 14 .
All these open access or open source developments have contributed significantly to level the medical image analysis field. Small research labs now have the unprecedented ability to generate considerable contributions to the field based on tools such as 3DSlicer. We decided to develop and disseminate our Diagnostic Index using 3DSlicer as dissemination mechanism.
The tool architecture uses Python, C++ code and Statismo and VTK C++ libraries (see figure 4 . Statismo 15 , a C++ open source framework for SSM building, was used to generate the SSM for each one of the TMJ OA subgroups as well as Number of groups 7
Misclassifications(lst +2ndGroup) the healthy group. Statismo is distributed with an open-source, free-software license, facilitates the development of an end-product to disseminate, which is part of the focus of our work. All the source code is freely available via Github 16 .
Figure4. a) Architecture of the DiagnosticIndex 3DSlicer Extension. Functional unit flow displayed in black. Scripted code is displayed in blue whereas compiled code is displayed in red. b) DiagnosticIndex 3DSlicer Extension Graphic User Interface (GUI), displaying all the functional units in the architectural diagram.
RESULTS
In order to validate our module, we computed the value of the diagnostic index for each one of our 209 samples. Figure  5 displays the misclassification results obtained by our Diagnostic Index module in our sample TMJ cohort. Figure 5 Percentage of statistical shape analysis misclassifications when the TMJ OA condyles were classified into 3, 5, or 7 OA subgroups, plus the healthy condyles subgroup. The dotted red bars show the percentages of misclassification when the condylar morphology is classified to the group to which this MRSE distance is the smallest. The solid red bars show the percentages of misclassification to the 2 groups to which this MRSE distances are the smallest.
When we look at the classification results for the 3 subgroups plus the control group that obtained the best classification results, represented via confusion matrix (table 1) , we see that the majority (74.5%) of the classifications occur in agreement with the group assigned by consensus between our clinical experts (agreement classifications located in the matrix diagonal). Looking at these results it is clear that there are groups that encode a much higher 3D shape variability than others particularly at early stages of the disease such as in Group 1. In our experiments, Group 1 has an 81% of samples misclassified and contributes to the total misclassification rate in a 49%. Most of the misclassified condyles of group 1 get classified as group 2, indicating overlap between groups 1 and 2. Several condyles, despite their visual similarity with the average of the clinically assigned group, have a higher number of correspondent points fitting another clinically determined group, as illustrated in Figure 6 
DISCUSSION
The findings presented in this work reveal that designing imaging biomarkers of TMJ OA need to contemplate the presence of different phenotypic morphology, which was an aspect that our team had investigated before 17 . Our other preliminary studies concentrated in the design of classification methods 18 and were not able to consistently separate among different groups. Thus, this study concentrated on designing a method that can be configured to different groupings easily.
In this paper we presented our findings using different groups obtained via clinical expert consensus. It revealed statistical shape modeling based biomarkers of the condylar morphology that can provide a quantitative staging of the disease. More importantly, the methods used in this study are disseminated and included in an open source image analysis toolbox. Commercial software packages produce adequate surface reconstructions and/or offer landmark, surface and/or voxel-based registration methods, but they are not open source, cannot be modified, do not interact well with each other and do not provide flexibility for customization. Due to its open licensing, 3D Slicer represents the perfect disseminating vehicle for our DiagnosticIndex extension.
Future steps to improve the current classification results contemplate other automatic clustering groups, such as deep learning. To improve the DiagnosticIndex also presented in this module, we are looking into having a way to fine-tune the clinically assigned groups via automatic classification that can be a new option for the module.
